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Meta-analysis 
A B S T R A C T   
Background: SARS-CoV-2 caused the COVID-19 pandemic in 2020. The virus is likely to show seasonal dynamics 
in European climates as other respiratory viruses and coronaviruses do. Analysing the association with meteo-
rological factors might be helpful to anticipate how cases will develop with changing seasons. 
Methods: Routinely measured ambient daily mean temperature, absolute humidity, and relative humidity were 
the explanatory variables of this analysis. Test-positive COVID-19 cases represented the outcome variable. The 
analysis included 54 English cities. A two-stage meta-regression was conducted. At the first stage, we used a 
quasi-Poisson generalized linear model including distributed lag non-linear elements. Thereby, we investigate 
the explanatory variables’ non-linear effects as well as the non-linear effects across lags. 
Results: This study found a non-linear association of COVID-19 cases with temperature. At 11.9◦C there was 1.62- 
times (95%-CI: 1.44; 1.81) the risk of cases compared to the temperature-level with the smallest risk (21.8◦C). 
Absolute humidity exhibited a 1.61-times (95%-CI: 1.41; 1.83) elevated risk at 6.6 g/m3 compared to the 
centering at 15.1 g/m3. When adjusting for temperature RH shows a 1.41-fold increase in risk of COVID-19 
incidence (95%-CI: 1.09; 1.81) at 60.7% in respect to 87.6%. 
Conclusion: The analysis suggests that in England meteorological variables likely influence COVID-19 case 
development. These results reinforce the importance of non-pharmaceutical interventions (e.g., social distancing 
and mask use) during all seasons, especially with cold and dry weather conditions.   
1. Introduction 
In 2020 a novel coronavirus, called severe acute respiratory syn-
drome coronavirus-2 (SARS-CoV-2), caused a pandemic that had spread 
from Wuhan around the globe (Valencia, 2020). Infection with 
SARS-CoV-2 can induce a severe disease (COVID-19), especially in older 
patients or people with underlying conditions (Wu et al., 2020a; Emami 
et al., 2020). Until October 31st 2020 45.6 million COVID-19 cases and 
1,189,183 deaths had been reported worldwide by WHO (WHO, 2020). 
In England, 989,749 COVID-19 infections were reported, 46,229 of 
which were deathly (WHO, 2020). 
For other respiratory viruses, environmental factors play a determi-
nant role in transmission as a biological or behavioural catalyst, leading 
to seasonality of disease outbreaks (Dowell and Shang Ho, 2004). 
Possible explanations for the causal pathway are that ambient temper-
ature and humidity affect the droplet size and dynamics (Thomas, 
2013). Also, the virus stability in aerosols and on surfaces might be 
affected by temperature, and moistness (Casanova et al., 2010; Chan 
et al., 2011; Aboubakr et al., 2020). Other mechanisms by which tem-
perature affects transmission are lowered host-immunity levels at cold 
temperature (Foxman et al., 2015; Fares, 2013), and behaviour changes 
in winter, such as spending more time indoors with other people (Fares, 
2013). 
Epidemiological studies have shown that ambient air temperature 
could be important in transmission of coronaviruses and is likely to show 
a non-linear association (Xie and Zhu, 2020; Tan et al., 2005; Mecenas 
et al., 2020). Some studies report that low temperatures (Mecenas et al., 
2020; Guo et al., 2020; Lin et al., 2020; Zhu et al., 2020; Liu et al., 2020a; 
Qi et al., 2020; Meyer et al., 2020; Pequeno et al., 2020; Wu et al., 
2020b; Hoang and Tran, 2020a) and low humidity (Guo et al., 2020; Zhu 
et al., 2020; Qi et al., 2020; Wu et al., 2020b; Şahin, 2020) enhance the 
spread of SARS-CoV-2. Additionally, earlier laboratory tests confirmed 
that temperature and humidity influence the survival time of SARS-CoV 
(which is structurally similar to SARS-CoV-2) on surfaces (Casanova 
et al., 2010; Chan et al., 2011). Studies on the ecological influence of 
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humidity showed heterogeneous results (Pani et al., 2020; Meo et al., 
2020; Runkle et al., 2020; Tosepu et al., 2020; Briz-Redón and 
Serrano-Aroca, 2020). A systematic review about this association 
concluded that hot and wet climates have a protective effect (Mecenas 
et al., 2020). 
A recent review highlights data-related and methodological concern 
related to studies evaluating the association between meteorological 
variables and COVID-19 spread (Dong, 2021). In particular the authors 
of the review pointed out that differences on previous results can be due 
to short observation period, lack of controlling for non-pharmaceutical 
interventions, an inappropriate size of the geographical unit and 
incorrect statistical methods. Moreover, it is likely that the influence of 
temperature as well as humidity differ amongst geographies, cultural 
contexts (e.g. due to differing behaviour, city planning, etc.), and 
climate conditions (Auler et al., 2020). It is then important to evaluate 
the effect of meteorological variables in different geographical areas. To 
our knowledge no previous study has specifically evaluated the associ-
ation between meteorological variables and COVID-19 spread in 
England. 
In this study, we overcome the methodological issues of previous 
approaches by using a time-series modelling approach to examine the 
impact of meteorological variables on SARS-CoV-2 transmission, 
considering city-level data in England accounting for confounding of 
non-pharmaceutical interventions, time trends and other city-level 
covariates. Moreover, we used appropriate statistical methods to anal-
yse time-series studies for infectious diseases taking into account non- 
linear and lagged effects along with auto-correlation (Imai et al., 2015). 
The aim of this study is to investigate the daily mean outdoor air 
temperature, and absolute and relative humidity as predictors of daily 
confirmed COVID-19 incidence in England. 
2. Methods 
2.1. Study data 
The study analysed 54 English cities from 30th January to October 
31, 2020. We defined as outcome the daily number of cases using the UK 
coronavirus data provided by the government (UK, 2020). The cases 
data included all positive lab confirmed virus test results. D Dates in the 
dataset refer to the date at which specimens were taken from the tested 
individuals. The COVID-19 time-series was aggregated at lower-tier 
local authority resolution and linked to the cities. 
For the exposure, we used temperature and dew point temperature 
time-series from the ERA5 dataset. These are published by Copernicus 
on a regular latitude/longitude grid of 25 km × 25 km in NetCDF format 
(Hersbach et al., 2018). The bi-hourly mean temperatures and dew point 
temperatures 2 m above surface were averaged for each day at the 
closest data point available to the centroid coordinate of every city. 
From dew point temperature and the corresponding temperature we 
obtained relative humidity (RH) using the R “humidity” package (Jun 
Cai, 2019). Additionally, the following formula was used to calculate the 
absolute humidity (AH) which represents the mass of water vapour in 










T(◦C)+243.5 × RH(%) × 2.1674
273.15 + T(◦C)
As an indicator for general mobility we extract time-series for En-
gland from the Google Mobility indices (residential mobility, mobility in 
parks, retail, transport, groceries and at work) (Google, 2020). These 
indices represent the change in duration spent at home or the change in 
visitor counts at different places (e.g parks, retail, transport, groceries, 
work) on a given day compared to that weekday’s median in the period 
from 3rd January and February 6, 2020, before the pandemic reached 
England (according to reported cases) (Google, 2020). 
For each city, demographic background information such as popu-
lation size, population density, and age proportion above 65 years were 
retrieved from the OECD Regional and Metropolitan database (OECD, 
2016). 
2.2. Statistical analysis 
In this study, we investigate short-term associations between mete-
orological exposures and COVID-19 incidence using a two-stage design. 
In the first stage, we estimated the location specific exposure-response 
association through time-series regression (TSR) analysis adjusting for 
time-varying confounders. In the second stage, the association param-
eter, i.e. the model coefficients of the TSR, were pooled using a meta- 
analytic model. Meta-regression considers the precision of the esti-
mate and can incorporate location-specific predictors (e.g. population 
density). The described two-stage statistical modelling approach was 
used for estimations of temperature, RH, and AH effects separately. 
2.3. First stage analysis 
Only points in time from 10 days before the initial 10 confirmed daily 
cases were included in this analysis. The aim was to eliminate initial 
imported cases and only account for local transmission while having 
enough exposure data to consider a lagged effect of up to 10 days before 
the observed outcome. This was changed in the sensitivity analysis 
considering different lags. 
For each location, a generalized linear model with quasi-Poisson 
family and log link was used to model the observed COVID-19 case 
counts. The meteorological exposure variables ambient temperature, 
RH, and AH were modelled using distributed lag non-linear model 
(DLNM) terms. In this way, possible non-linear exposure-outcome re-
lationships were described together with non-linear delayed lag- 
response effects (Gasparrini, 2013). 
The DLNM terms (crossbasis) act as basis function predictors in two 
dimensions: the exposure space and the lag space. For the exposure 
space we chose as basis function the natural cubic spline function with 3 
knots respectively corresponding to the 25th, the 50th, and the 75th 
percentile of the exposure distribution of all cities. As the current liter-
ature suggests, an approximate incubation period between 5 and 12 days 
for COVID-19, we considered 0–10 days as the default lag, accordingly 
(Lauer et al., 2020). In the lag dimension we considered as basis function 
a natural spline with one internal knot. 
The crossbasis terms were reduced by the lag or exposure dimensions 
to analyse the association on the exposure or lag dimension, respec-
tively. The R package “dlnm” allowed to include the crossbasis-element 
and fit the generalized linear model of the TSR (Gasparrini, 2011). 
Confounding by season and long-term trends was modelled by a 
natural spline function of time in dateswith 4 degrees of freedom (df) 
(Imai et al., 2015). 
Autocorrelation of residuals in the case of infectious disease is 
pathogen-specific and needs to be accounted for (Imai et al., 2015). 
Abbreviations 
AH Absolute Humidity 
CI Confidence Interval 
df degrees of freedom 
DLNM Distributed Lag Non-linear Model 
R Pearson correlation coefficient 
REML Restricted Maximum Likelihood 
RH Relative Humidity 
RR Risk Ratio 
SARS-CoV-2 Severe Acute Respiratory Syndrome Coronavirus-2 
TSR Time-series Regression  
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Lagged autocorrelation due to “true contagion” was incorporated for all 
days up to 5 days before. The logarithm of lagged outcome counts was 
used instead of past counts. Previous analyses suggested that including 
past cases could lead to overadjustment, and using logarithm scale 
better matches the mechanisms of disease transmission (Imai et al., 
2015). As time-series contained days with no cases, these values were 
replaced by one. Previous models for influenza have been shown not to 
be sensitive to this replacement (Imai et al., 2015). 
Residential mobility was considered as a possible confounder as it is 
associated with the outcome of COVID-19 cases (via affecting popula-
tion mixing) as well as the exposures (e.g. weather-dependent free time 
outdoor mobility), and is not on the causal pathway between the ex-
posures and the outcome. The mobility-term was modelled by a 
distributed linear term with a lag of 0–14 days, where the lag dimension 
was modelled with a natural cubic spline with two internal knots equally 
spaced on log scale. Weekends and weekdays influence the mixing 
differently. Thus, incorporation of a weekend-indicator was assumed to 
minimise the overdispersion of the case data. 
Firstly, we fitted the first stage models considering each meteoro-
logical variable (outdoor temperature, absolute humidity, relative hu-
midity) as main exposure adjusting by trend, residential mobility and 
autocorrelation (univariable models). In a second step, we fitted a model 
considering outdoor temperature and relative humidity as main expo-
sure adjusting by trend, residential mobility and autocorrelation 
(multivariable model). 
2.4. Second stage analysis 
The obtained TSR coefficients and corresponding covariance 
matrices from the first-stage modelling at city level were pooled via 
multivariate meta-regression models using a restricted maximum like-
lihood (REML) method for estimation (Sera et al., 2019). The pooled set 
of spline coefficients were used to obtain the exposure-response func-
tion, which was expressed in terms of relative risk (RR) and confidence 
Fig. 1. 53 English cities that were included. The map shows the location as well as the names of the cities that were included into this study.  
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intervals (CIs) in respect to the observed minimal risk. The exposure 
response functions were centered to the exposure level with minimum 
RR within the 5th-95th percentile of the exposure distribution. For the 
lag-response plots, we used the 5th lag day as reference (i.e. the middle 
of the 10 lag days included). We used the I2-statistic which measures the 
relative excess in heterogeneity that cannot be explained by the sam-
pling error (Gasparrini et al., 2012). For fitting the multivariate 
meta-analysis, we used the R package “mixmeta” (Sera et al., 2019). 
2.5. Sensitivity analysis 
The main model was tested for sensitivity considering the following 
modelling alterations. Firstly, an alteration of the date-term from a 4 df 
to 6 df natural spline function was conducted. Secondly, we changed the 
lagged effect of the crossbasis from 0-10 days to 0–5 days or 0–14 days. 
Moreover, we included population statistics such as population density 
and proportion of above 65-years-olds, as well as different pollution 
levels in the different cities during the study period at the second stage 
analysis as variables in the meta-regression. Finally, we analysed the 
influence of using other Google Mobility indicators considering each 
indicator as alternative confounding term in the first-stage models. 
3. Results 
3.1. Descriptive analysis 
Overall, 394,863 COVID-19 cases were confirmed during the 281- 
day study period in the 54 English cities considered (Fig. 1). 
There were huge differences in cumulative cases spanning from 432 
cases in Hastings up to 112,822 in London (Table 1). The cities’ case 
incidence showed similar patterns as their population densities (Ap-
pendix A). The proportion of over 65-year-olds varied between 
approximately 10% to 23% and pollution levels (PM2.5) in the cities lied 
between 0.2 and 40.2 μg/m3. 
Average temperature, RH, and AH-levels varied between the cities. 
The overall range of observed exposure values varied between approx-
imately − 6 and 36◦C for temperature, 8 and 99% for RH, and 2 and 24 
g/m3 for AH. More details are displayed in Table 2. Residential mobility 
was, on average, 13.8% higher than before the pandemic. 
COVID-19 incidence showed a two-waves epidemic curve with a first 
peak at the beginning of April 2020 and the second wave taking off from 
September 2020 onwards (Appendix B). Both, case counts, and resi-
dential mobility, showed dependency on the day of the week. Residen-
tial mobility rose in accordance to the first wave to a level of over 
25–33% above usual levels during the week and dropped towards a level 
around 10% in September 2020 . Averaging the mean exposures among 
all cities daily, temperatures had a positive trend from spring to summer 
with a peak in August. RH was lowest in spring (May and April) and 
increased towards the winter season with a high at end of October. AH 
exhibited a similar trend as observed for temperature (Appendix C). 
Looking at temporal Pearson correlation, RH showed a moderate 
correlation (r = − 0.21) with absolute humidity. COVID-19 cases were 
negatively correlated with relative humidity (r = − 0.34) and tempera-
ture (r = − 0.17) (Appendix D). 
3.2. Temperature analysis 
The association of temperature with the COVID-19 is visualised in 
Fig. 2 by showing the cumulative RR over the lags (0–10 days). The 
highest risk was observed at 11.9◦C compared to the minimum risk at 
21.8◦C, showing 1.62-times the risk (95%-CI: 1.44; 1.81). The meta- 
model provided evidence for elevated risk levels at all lags between 1 
and 8 days (Appendix E.A). 
3.3. Humidity analysis 
The univariate analysis shows low COVID-19 risk at low level of 
relative humidity. The risk increases with relative humidity reaching the 
highest risk (RRmax = 1.17, 95%-CI: 1.04; 1.31) at 61.1% compared to 
the centering level set to 87.6% (Fig. 3). The associated lag-plot at RH- 
levels of 61.1%  does show some evidence for a elevated risk associated 
with a lag between the 5th and the 10th day (Appendix E.B). 
For AH, a local peak in risk was observed at 6.6 g/m3 (Fig. 4). 
Compared to the centering point at 15.1 g/m3 we estimated a 1.61-times 
higher risk for COVID-19 cases (95%-CI: 1.41; 1.83). Over the lag 
dimension, the increased risk remain elevated between 1 and 10 days 
(Appendix E.C). 
3.4. Multivariate model of temperature and RH 
When adjusting for relative humidity, the shape of temperature 
COVID-19 risk curve is similar to the univariate analysis with a 
maximum RR of 2.33 (95% CI:1.84; 2.95) at 11.9◦C when comparing 
22.8◦C (Fig. 5). The trend for association between relative humidity and 
COVID-19, however, changes after adjusting for temperature. The 
maximal RR was observed at 60.7% with a 1.41-times increased asso-
ciated risk (95% CI: 1.09; 1.81) in respect to the centering point equal to 
87.6% (Fig. 5). 
3.5. Sensitivity analysis 
Increasing the degrees of freedoms in the natural spline for long-term 
trends from 3 to 6 df leads to a loss of precision for the estimates (Ap-
pendix F). For temperature and AH, changing the incorporation of 0–10 
lag days down to 0–5 lag days and up to 0–14 lag days, showed that the 
observed effect on the COVID-19 risk is robust over the different para-
metrisations (Appendix G and I). RH trends were less robust over 
different lag configurations (Appendix H). Adding the population 
density, age proportion above 65 years and the pollution levels of the 
cities into the meta-regression, produced similar exposure-response as-
sociations (Appendix J). Adjusting for social mixing effects using 
different indices than the google mobility has little influence on the 
exposure risk relationship (Appendix K, L and M). 
4. Discussion 
4.1. Main findings 
The analysis showed evidence for a non-linear association with an 
higher risk at outdoor mean temperatures around 12◦C (RRmax = 1.62, 
Table 1 
City characteristics. Median, minimum, and maximum values amongst the 
included cities are displayed for COVID-19 cases, city demographics and 
pollution levels.  
City parameter Median Minimum Maximum 
Total confirmed cases (#) 2,644 432 112,822 
City population sizes (#) 669,924 138,214 10,491,206 
Density (# per km2 ) 1,106.47 4,268.20 1,161.41 
Proportion aged above 65 years (%) 16.1 10.0 22.8 
PM2.5 (μg/m3) 7.3 0.2 43.5  
Table 2 
Summary table of observed cases, environmental data, and mobility.  
Parameter Mean SD Minimum Maximum 
Cases per day (#) 27.6 55.8 0.00 2,515 
Temperature (◦C) 15.9 3.9 − 6.6 36.2 
RH (%) 71.1 9.7 7.7 99.3 
AH (g/m3) 10.1 2.1 1.7 23.8 
Residential Mobility Increase vs 
“normal” (Δ%) 
13.8 1.1 − 0.7 31.6  
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95%-CI: 1.44; 1.81). This was robust in the sensitivity analysis since in 
all analysed models. Regarding relative humidity, adjusting by tem-
perature, we found evidence of increased risk at low relative humidity 
levels with a peak of risk at 61% RH (RRmax = 1.45, 95% CI: 1.10; 1.90). 
AH shows a tendency of higher risks at lower humidity, with an RRmax 
between 6 and 8 g/m3. 
4.2. Possible mechanisms explaining the main results 
The non-linear effects of temperature and humidity can generally be 
explained by three mechanisms. Firstly, there is the aspect of human 
behaviour changing with meteorological conditions. Human mobility 
and time spent indoors or outdoors depend on weather conditions. Very 
hot and very cold conditions can lead to more time spent in closed 
rooms. Similarly, very humid conditions might lead to less time spent 
outdoors. This has complex implications on the effect of ambient tem-
perature and humidity. 
Secondly, the droplet behaviour in aerosols changes with different 
temperature and humidity levels. High temperature and low humidity 
promote the accumulation of aerosol particles (since evaporation leaves 
behind floating droplet nuclei) increasing the likelihood to be respired. 
Low temperature and high humidity favour contact transmission (Zhao 
et al., 2020; Lowen et al., 2007). This ambiguity makes non-linear as-
sociations plausible. Moreover, research on immunity-related effects 
showed, amongst other findings, that cold temperatures affect the blood 
circulation which impairs the adaptive immunity, and dry air hinders 
the ability of cilia cells to secrete mucus and remove viral particles 
(innate response) (Lowen et al., 2007; Sun et al., 2020). These phe-
nomena mostly support a negative association with temperature and 
humidity. 
4.3. Comparison with existing literature 
Interestingly, the observed tendency of a maximum risk of COVID-19 
Fig. 2. Temperature-RR association. The graph represents the overall cumulative RR of observing COVID-19 test-positives in the English cities (lag 0–10) during 
the observation period. The red line represents the model estimate and the grey area the modelling uncertainty with a 5% significance level. 
Fig. 3. RH-RR association. The graph shows the overall cumulative (lag 0–10) RR of observing COVID-19 test-positives in the English cities. The blue line rep-
resents the model estimate and the grey area the modelling uncertainty with a 5% significance level. 
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cases in this study was reflected by a Chinese study (Shi et al., 2020b). 
This study analysed the non-linear relationship using DLNM-models 
showing that low temperatures also can reduce the risk of COVID-19 
daily incidence (lowest at − 10 ◦C). The highest COVID-19 incidence 
was predicted at 10◦C across 344 cities in mainland China (Shi et al., 
2020b). In addition, a South Korean study (Hoang and Tran, 2020b) 
which used a generalized linear modelling approach observed a positive 
trend below and a negative trend above 8◦C. These findings are in line 
with what the final model of this study suggests. Other ecological studies 
in Brazil (Pequeno et al., 2020), and China (Liu et al., 2020b) used 
generalized linear mixed models and polynomial non-linear regression, 
respectively. Their results, in contrast, showed a general negative linear 
association between daily COVID-19 risk and temperature: each 1◦C 
increase in temperature was related to a decrease of 10–20% in 
COVID-19 cases. 
Regarding humidity the evidence basis in the literature is quite 
mixed. An ecological study of 8 different US cities (Runkle et al., 2020) 
which used DLNM models had a maximum risk of COVID-19 cases at 
higher AH-levels than we observed in this study (8–11 g/m3 vs. 6–8 
g/m3). Similar to our UK analysis, a maximal twofold increase in risk 
was found (Runkle et al., 2020). Further, a descriptive analysis of all US 
states (Gupta et al., 2020), showed that states with an AH range between 
4 and 6 g/m3 had the highest numbers of cases within 10 days. A 
negative association was observed in some South American (Zhu et al., 
2020) and Chinese cities (Liu et al., 2020a) by use of correlation and 
linear regression. 
Wu et al. (analysing 166 countries) (Wu et al., 2020b) and Qi et al. 
(analysing 30 Chinese provinces)(Qi et al., 2020) report a negative as-
sociation between RH and COVID-19 cases where each 1% increase re-
sults in an 0.85% and 22% increase in cases, respectively. In contrast, 
most ecological studies (e.g. as conducted in Iran (Ahmadi et al., 2020), 
New York (Bashir et al., 2020), Indonesia, (Tosepu et al., 2020), China 
and analysing 377 worldwide cities (Meyer et al., 2020)), did not find 
any significant association between COVID-19 cases and RH. 
4.4. Strengths and limitations 
Our study has several strengths. The time-series design allows to 
consider time-varying confounders as non-pharmaceutical interventions 
and changes in cases definition over the observed period. We used 
complex DLNM parametrisation to model potential non-linearity and 
lagged effects of the exposures. By using a meta-regression two-stage 
principle allows to consider potential differences between cities and 
increasing the statistical power for the overall analysis. 
It is important to highlight also some limitations of our study. The 
mobility-term were country level and this choice could have introduce 
some measuring error in this important cofounding variable. Ecologic 
biases due to cross-regional variation in the “background” risk distri-
butions for COVID-19 cases were accounted for in the sensitivity anal-
ysis at meta-regression level. However, more parameters could be 
included in further analysis. Moreover, spatial dependencies in terms of 
the cases being imported were not accounted for. 
The use of reported COVID-19 test-positive cases only in clinical 
settings excludes a vast majority of cases from the analysis. Hence, the 
RR in this study cannot be interpreted as the risk of COVID-19 spread or 
incidence but only the risk of observing confirmed cases. The latter is not 
only dependent on the rate at which the virus spreads, but also on 
symptom severity and availability of health infrastructure, as only suf-
ficiently severe cases would have presented themselves and been tested. 
This duality must be considered when interpreting the outcome of this 
analysis. 
The advantage of the ERA5 that the data is reported reliably (without 
missing values) for all the locations, they are available in the public 
domain, and they have been shown to be useful in analysing the asso-
ciation with communicable disease transmission in previous other 
studies (Scortichini, 2020; Urban et al., 2019). However, the resolution 
of 25 km square grid could lead to non-systematic errors. 
5. Conclusion 
The study suggests that daily ambient mean temperatures of around 
11◦C–13◦C pose a higher risk for COVID-19 cases in England compared 
to the risk-minimum at 22◦C. This implies that typical temperature 
conditions for England in colder months pose a higher risk (WorldData. 
info, 2020). A tendency for an increased COVID-19 risk at lower AH 
around 6–8 g/m3, could be observed in this analysis. Regarding expected 
year-round AH levels in England, this result would indicate that there is 
a more than 1.5-times elevated risk from November to April (WorldData. 
info, 2020). RH as well showed highest RRs at comparatively low 
RH-levels (around 61%). An overall trend of lower RH-levels being 
associated with higher risks was only observed when adjusting for 
temperature. These results confirm the importance of 
non-pharmaceutical interventions (e.g., social distancing and mask use) 
during all seasons, especially during cold and dry meteorological 
Fig. 4. AH-RR association. The graph shows the overall cumulative (lag 0–10) RR of observing COVID-19 test-positives in the English cities. The blue line rep-
resents the model estimate and the grey area the modelling uncertainty with a 5% significance level. 
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